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ABSTRACT
Method for Creating Subject-Specific Models of the Wrist in Both Degrees of Freedom
Using Measured Muscle Excitations and Joint Torques
Blake Harper
Department of Mechanical Engineering, BYU
Master of Science
Two-thirds of repetitive strain injuries affect the wrist joint. Although force is believed to
be one of the major factors, the forces involved in wrist movements have not been thoroughly
characterized in vivo. Computer simulations with a musculoskeletal model of the wrist have been
used to estimate wrist muscle forces, but only at maximum voluntary contraction and only
involving a single degree of freedom (DOF). In this study we present a method for creating a
subject-specific model that can be used to estimate muscle forces and joint torques in both
degrees of freedom of the wrist over a range of torques applicable to activities of daily living.
Ten young, healthy subjects applied three levels of isometric wrist torque (about 7, 15,
and 25% of maximum torque) in combinations of wrist flexion-extension and radial-ulnar
deviation while joint torque in both DOF and surface electromyograms (sEMG) in the five major
wrist muscles were measured. To find subject-specific parameters, we followed a two-step
process. First, a pre-existing, generic musculoskeletal model of the wrist was scaled to individual
subjects’ height. Second, we compared joint torques predicted from measured sEMG using
forward simulations of muscular dynamics to measured torques and minimized this error to
optimize for subject-specific model parameter values. The model parameters optimized were the
maximum isometric force and tendon slack length of each muscle. Optimization constraints were
added to ensure physiologically plausible combinations of parameter values.
The optimization produced model parameters that 1) were in a reasonable physiological
range for each test subject and 2) significantly improved the accuracy of the model’s torque
estimation. Scaling the generic model reduced the root mean squared (RMS) error between
predicted and measured joint torques by 2.8±4.6% (mean±SD), whereas optimizing the scaled
model further reduced the RMS error by 51.4±18.9% for the torque level at which the model
was optimized. Testing the optimized model at other torque levels still significantly reduced the
error between predicted and measured torques compared to the scaled model (43.7±28.0% and
25.0±24.0% for lower and higher torque levels, respectively). The mean error between predicted
and measured torque was 0.23±0.04, 0.30±0.04, and 1.17±0.26 Nm at the low-, mid-, and hightorque levels, respectively. The method generally reduced the error in flexion-extension (FE)
more than radial-ulnar deviation (RUD), likely in part because sEMG and torque were larger in
FE than in RUD.
Optimizing for subject-specific model parameters significantly improved prediction over
both the generic and scaled models, in both degrees of freedom of the wrist, and at all three
torque levels. The presented method for creating subject-specific models can be used in future
studies to quantify muscle forces and joint torques of natural wrist movements in vivo.

Keywords: wrist, force, torque, estimation, subject-specific, musculoskeletal modeling, OpenSim
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1

INTRODUCTION

Disorders of the wrist joint affect millions of people and account for a major component of
the cost of work-related illness in the US. Of the approximately 75,000 cases of injuries or illness
that result each year from repetitive motion (including typing or key entry, tool use, and placing,
grasping, or moving objects), the majority (68%) affect the wrist joint, followed by only 9% for
the shoulder [1]. Even though force is believed to be one of the major factors of repetitive strain
injuries [2], the forces on the wrist during activities of daily living have not been quantified in
detail, limiting our understanding of why certain motor behaviors cause wrist disorders.
Direct measurement of internal forces during activities of daily living is not currently
feasible. While some researchers have quantified the forces associated with highly controlled
wrist movements in cadavers [3-6], the forces involved in natural wrist movements in vivo have
not been measured.
One method of estimating forces in vivo is using a model of the wrist. For example, one
could measure muscle excitation and joint kinematics and combine them in simulation with a
musculoskeletal model to estimate muscle forces and joint torques [7-9]. To the extent that the
model is subject-specific, such simulations will yield more accurate results. Past studies have
used a variety of approaches to make musculoskeletal models subject-specific. Some studies in
lower-limb joints optimized model parameters by comparing joint torques estimated from
1

measured sEMG using forward simulations of muscular dynamics to joint torques estimated
from measured kinematics through inverse simulations of skeletal dynamics to optimize model
parameters [10, 11]. Similarly, a simulation study of EMG- and marker-based optimization used
estimated joint torque to optimize model parameters of the shoulder and elbow [12]. One prior
study [13] of the wrist used measured torque to optimize model parameters, but the study
involved only one degree of freedom (DOF) of the wrist (flexion-extension), and only maximum
joint torque measurements were used for parameter optimization. Since activities of daily living
involve both DOF of the wrist and a variety of joint torque levels (usually far lower than the
maximum voluntary torque), this prior method has only limited value for estimating muscle
forces and joint torques during activities of daily living. To our knowledge, past studies of the
wrist have not included both DOF and a range of joint torques to create a subject-specific model
for use in estimating internal wrist forces and torques during activities of daily living.
The purpose of this study was to develop and evaluate a method for creating subjectspecific models of the wrist using measured joint torques in both DOF of the wrist that can be
used to estimate in vivo muscle force and joint torque over a range of muscle activations. This
method will enable estimation of wrist muscle forces and torques in vivo during activities of
daily living.

2

2

METHODS

This section is broken up into three parts: experiment, model, and optimization.

2.1
2.1.1

Experiment
Subjects
Ten young, healthy subjects (5 male, 5 female; mean ± SD age: 24 ± 5 years; range: 19-

37 years) participated in this study. Subjects were right-handed and reported that they were free
of biomechanical or neurological disorders affecting their upper limbs. Following procedures
approved by Brigham Young University’s Institutional Review Board, informed consent was
obtained from all subjects.

2.1.2

Setup
Subjects were seated with the right arm in approximately 30° of shoulder flexion and 0°

of shoulder abduction and internal rotation, 60° of elbow flexion, and the forearm midway
between full pronation and full supination. The subject’s distal forearm was strapped to the static
stage of a wrist rehabilitation robot (InMotion Wrist Robot by Interactive Motion Technologies,
Watertown, MA) while the hand was attached to the end-effector of the robot (Figure 2-1).
Specifically, the hand was attached at the metacarpals via a custom-made interface that did not
3

require the subject to grasp a handle. This setup allowed the robot to apply up to 1.95 Nm of
torque to the wrist in flexion-extension (FE), radial-ulnar deviation (RUD), or combinations. The
voltage sent to the robot motors was recorded at 200 samples/sec to enable later calculation of
the torque applied by the robot to the subject’s hand.

Figure 2-1 Test setup. A subject’s distal upper arm and distal forearm were strapped to the static
stage of the wrist robot, whereas the subject’s hand was strapped to the mobile end-effector of
the robot, enabling the robot to apply torque about the subject’s wrist in different directions
(flexion-extension, radial-ulnar deviation, and combinations). The subject was instructed to resist
the robot and maintain neutral wrist posture. The robot measured motor voltage (from which
torque was calculated), and surface EMG sensors (under the red tape) measured muscle activity.
In addition, subjects were instrumented with four wireless surface electromyography
(sEMG) sensors (Trigno by Delsys, Natick, MA), placed on the right forearm over the flexor
carpi radialis, flexor carpi ulnaris, extensor carpi radialis longus and brevis (together), and
extensor carpi ulnaris. sEMG was recorded at 200 samples/sec. Although this sampling rate is
significantly lower than standard for sEMG [14, 15], the sEMG envelope followed the general
torque profile (see Results section), indicating that the envelope was relatively unaffected by
under-sampling.
A monitor in front of the subject displayed a central target and 8 peripheral targets, as
well as a cursor that moved in proportion to wrist movement measured by the robot. When the
4

cursor was in the central target, the wrist was in neutral position, defined as the third metacarpal
being parallel to the long axis of the forearm. Specifically, the wrist was in neutral FE when the
lateral epicondyle, the dorsal projection of the wrist joint center (defined midway between the
radial and ulnar styloids), and the head of the third metacarpal were aligned. Similarly, the wrist
was in neutral RUD when the midpoint between the lateral and medial epicondyles, the lateral
projection of the wrist joint center (defined midway between the ventral and dorsal aspects of the
distal forearm), and the head of the second metacarpal were aligned.

2.1.3

Protocol
The subject was instructed to keep the cursor in the central target (thus keeping his/her

wrist in neutral posture) while the robot applied torque about the wrist joint at different levels
and in different directions (Figure 2-2). In a given direction, the robot started out applying only
enough torque to compensate for the gravitational torque of the hand and the robot end-effector
so the subject could be relaxed. Then, the robot linearly built up torque in the direction of one of
the peripheral targets over the course of 3.4 s until it reached a maximum torque, remained at
that maximum torque for 1.6 s, linearly reduced the torque over the course of 1.6 s until it
reached the initial torque (enough to compensate for gravity), remained at that initial torque for
3.4 s, and then repeated for a different peripheral target (Figure 2-3). Since the subject kept
his/her wrist in neutral posture, the torque applied by his/her wrist was approximately equal in
magnitude and opposite in direction to that applied by the robot. All subjects applied torque in
the order shown in Figure 2-2.

5

Figure 2-2. Torques required at different levels and in different directions. To resist the torques
applied by the wrist robot, subjects were required to apply wrist joint torques in eight directions
(1-8, listed in order) at three different levels of torque (low, medium, and high, indicated in blue,
red, and green, respectively). The indicated torque magnitudes represent the maximum torque
required during a trial, which also included ramp-up and ramp-down phases (see Figure 2-3).

Figure 2-3. Nominal torque profile over time. To counteract the torque applied by the wrist
robot, subjects were required to apply the following time profile of torque in each direction:
linear build-up over the course of 3.4 s until reaching a maximum (indicated in Figure 2-2),
maintenance at that maximum torque for 1.6 s, linear reduction over the course of 1.6 s until
reaching the initial torque (enough to compensate for gravity), and maintenance at that initial
torque for 3.4 s. After this, the process was repeated in a different direction.

6

As mentioned above, the maximum torque the robot can supply is the same in FE and
RUD, but the gravity compensation torque was always applied in RUD. Therefore, to maximize
the range of torques the subject had to apply, the robot was programmed to apply more torque in
FE than in RUD, resulting in the elliptical locus of torque vectors seen in Figure 2-2.
This procedure was repeated three times with increasing maximum robot torque; the
maximum torque for each trial was about 0.6, 1.2, and 2 Nm in FE and 0.3, 0.6, and 1.5 Nm in
RUD. Consequently, the three trials also required increasing torque from the subject to resist the
robot (about 7, 15, and 25% of subjects’ maximum joint torque, respectively). We chose this
range of torques because it is believed to be comparable to wrist joint torques during activities of
daily living [16].
After the trials, we measured sEMG at maximum voluntary contraction in each muscle,
with four repetitions. Finally, we also measured subjects’ maximum joint torque in wrist flexion
and extension (separately) using a handheld dynamometer (microFET2 Handheld Dynamometer
by Hoggan Health, West Jordan, UT) applied at a known distance from the wrist joint.

2.1.4

Data Processing
sEMG data for both the robot trials and maximum voluntary contraction (MVC) trials

were detrended, rectified, and low-pass filtered (second-order Butterworth filter with a cutoff
frequency of 1 Hz). The processed robot-trial sEMG was then normalized by the maximum
sEMG measured in each muscle during MVC trials. Voltage from the two motors was used to
calculate the torque exerted by the robot onto the subject [17]. The portion of this torque required
to hold up the hand against gravity was subtracted such that our measured torque was zero at
neutral wrist position. The opposite of the remaining torque was taken to be the torque exerted
7

by the subjects onto the robot, expressed as torque in FE (𝜏𝜏𝐹𝐹𝐹𝐹 , defined as positive in flexion) and
RUD (𝜏𝜏𝑅𝑅𝑅𝑅𝑅𝑅 , defined as positive in radial deviation).
2.2

2.2.1

Simulation

Model
We estimated wrist torque with forward-muscular simulations using a validated

musculoskeletal model of the upper extremity [18] in version 3.3 of OpenSim [19]. The model
included both DOF of the wrist joint and Hill-type muscle-tendon actuators of the five major
wrist muscles: flexor carpi radialis (FCR), flexor carpi ulnaris (FCU), extensor carpi radialis
longus (ECRL), extensor carpi radialis brevis (ECRB), and extensor carpi ulnaris (ECU). In a
Hill-type muscle model, the force developed in a muscle, 𝑓𝑓, is a function of muscle activity,
kinematics, and five muscle parameters: optimal muscle fiber length 𝑙𝑙𝑜𝑜𝑀𝑀 , pennation angle at

optimal fiber length 𝜙𝜙𝑜𝑜 , maximum isometric muscle force 𝐹𝐹𝑜𝑜𝑀𝑀 , maximum muscle contractile
𝑀𝑀
velocity 𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚
, and tendon slack length 𝑙𝑙𝑠𝑠𝑇𝑇 [20]:
𝑀𝑀
𝑓𝑓 = 𝑓𝑓(𝑙𝑙𝑜𝑜𝑀𝑀 , 𝜙𝜙𝑜𝑜 , 𝐹𝐹𝑜𝑜𝑀𝑀 , 𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚
, 𝑙𝑙𝑠𝑠𝑇𝑇 )

(2-1)

where the dependence of muscle force on muscle activity and kinematics was not stated
explicitly to focus on the dependence on model parameters.

is

The torque generated in each DOF (FE, RUD) by each of the five muscles (𝑖𝑖 = 1, 2, … , 5)
𝑀𝑀
𝜏𝜏𝐹𝐹𝐹𝐹 𝑖𝑖 = 𝑟𝑟𝐹𝐹𝐹𝐹 𝑖𝑖 𝑓𝑓�𝑙𝑙𝑜𝑜𝑀𝑀 𝑖𝑖 , 𝜙𝜙𝑜𝑜 𝑖𝑖 , 𝐹𝐹𝑜𝑜𝑀𝑀 𝑖𝑖 , 𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚
, 𝑙𝑙 𝑇𝑇 �
𝑖𝑖 𝑠𝑠 𝑖𝑖

(2-2)

𝑀𝑀
𝜏𝜏𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖 = 𝑟𝑟𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖 𝑓𝑓�𝑙𝑙𝑜𝑜𝑀𝑀 𝑖𝑖 , 𝜙𝜙𝑜𝑜 𝑖𝑖 , 𝐹𝐹𝑜𝑜𝑀𝑀 𝑖𝑖 , 𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚
, 𝑙𝑙 𝑇𝑇 �
𝑖𝑖 𝑠𝑠 𝑖𝑖
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(2-3)

where 𝑟𝑟𝐹𝐹𝐹𝐹 𝑖𝑖 and 𝑟𝑟𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖 are the muscle moment arms of muscle 𝑖𝑖 in FE and RUD (included in the
model). The predicted total torque generated by these five muscles is the sum of the individual
torques:
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝜏𝜏𝐹𝐹𝐹𝐹

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

= ∑5𝑖𝑖=1 𝜏𝜏𝐹𝐹𝐹𝐹 𝑖𝑖

(2-4)

𝜏𝜏𝑅𝑅𝑅𝑅𝑅𝑅 = ∑5𝑖𝑖=1 𝜏𝜏𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖

(2-5)

A generic OpenSim model is typically made subject-specific by scaling the model to a
given test subject. We created scaled subject-specific models as a baseline for comparison in our
study. Each subject’s body-segment lengths and masses were estimated from measured subject
height and weight using anthropometric tables [21]. These lengths and masses were then used to
scale the OpenSim model, resulting in a scaled model with initial subject-specific estimates for
𝑀𝑀 ���� ����
𝑀𝑀 ������
𝑀𝑀
���
�𝑇𝑇
muscle moment arms and the five Hill-type muscle parameters: ����,
𝑟𝑟𝐹𝐹𝐹𝐹 𝑟𝑟������,
𝑅𝑅𝑅𝑅𝑅𝑅 𝑙𝑙𝑜𝑜 , 𝜙𝜙𝑜𝑜 , 𝐹𝐹𝑜𝑜 , 𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚 , 𝑙𝑙𝑠𝑠

(the double overbar indicates scaled value).

Measured muscle excitations and known, static joint angles were used in forwardmuscular simulations of the model to estimate joint torque over time (Figure 2-4).

Figure 2-4. Forward-muscular dynamics simulation and optimization framework. Using
measured muscle excitations, 𝜶𝜶𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 , and nominal joint angles, 𝒒𝒒𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 , the various
musculoskeletal models of the wrist (generic, scaled, and optimized) predicted muscle forces,
𝒇𝒇𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 , and joint torques, 𝝉𝝉𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 . The prediction error between predicted and measured joint
torque, 𝝉𝝉𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 , was minimized to optimize model parameters. Bold-faced letters represent vectors
containing an element for each muscle or DOF.
9

2.2.2

Data processing
The torque predicted by the model was compared to the torque measured by the wrist

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
robot for the same trial, 𝜏𝜏𝐹𝐹𝐹𝐹
and 𝜏𝜏𝑅𝑅𝑅𝑅𝑅𝑅
, resulting in the error between predicted and measured

torque. We calculated the root mean squared (RMS) error for each degree of freedom separately
and defined total error as the sum of the errors in each DOF:
1

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐹𝐹𝐹𝐹 = �𝑁𝑁 ∑𝑁𝑁
𝑛𝑛=1�𝜏𝜏𝐹𝐹𝐹𝐹 (𝑛𝑛) − 𝜏𝜏𝐹𝐹𝐹𝐹 (𝑛𝑛)�
1

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

2

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑅𝑅𝑅𝑅𝑅𝑅 = �𝑁𝑁 ∑𝑁𝑁
𝑛𝑛=1�𝜏𝜏𝑅𝑅𝑅𝑅𝑅𝑅 (𝑛𝑛) − 𝜏𝜏𝑅𝑅𝑅𝑅𝑅𝑅 (𝑛𝑛)�

(2-6)
2

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝐸𝐸𝐸𝐸𝐸𝐸𝑜𝑜𝑜𝑜𝐹𝐹𝐹𝐹 + 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑅𝑅𝑅𝑅𝑅𝑅

(2-7)
(2-8)

where n represents each individual time step and N represents the total number of time steps. We
calculated error using all phases of each torque trial, including ramp-up, maintenance at the
maximum torque, and ramp-down.

2.3

2.3.1

Optimization

Design variables
Minimizing the total error between predicted and measured torque allowed us to optimize

for subject-specific parameters. We performed this optimization on the mid-torque level trial for
each test subject. To maintain tractability, we chose to focus on finding subject-specific
estimates for two of the five muscle parameters: maximum isometric muscle force and tendon
slack length. We chose tendon slack length because muscle force is highly sensitive to changes
in this parameter but there are limited experimental data values [22]. Maximum isometric force
was chosen because this parameter can vary significantly between test subjects [22]. The other
three muscle parameters were kept at their scaled values, with the following justification.
10

In wrist muscles, the measured optimal fiber length has low variability; the standard
deviation of fiber length in wrist muscles ranges from 5.3 to 9.8% of the mean [23]. Therefore,
default and subject-specific values of the optimal muscle fiber length were assumed to be close.
Muscle fiber pennation angle affects muscle force according to its cosine. Since the
pennation angles of all wrist muscles are smaller than 15°, cos 𝜙𝜙𝑜𝑜 ≈ 1 according to the small-

angle approximation. In other words, wrist muscle force is quite insensitive to pennation angle.
Although maximum muscle contraction velocity can change for high performing athletes
and/or people in diseased states, it is usually approximated as uniform across test subjects for the
general population [20], including in the validated model used in this study [18].
In summary, we considered joint torque to depend on subject-specific estimates of
maximum isometric muscle force (𝐹𝐹𝑜𝑜𝑀𝑀 𝑖𝑖 ,) and tendon slack length (𝑙𝑙𝑠𝑠𝑇𝑇 𝑖𝑖 ) but on scaled values of

𝑀𝑀
𝑀𝑀
������
����
optimal fiber length (𝑙𝑙���
𝑜𝑜 𝑖𝑖 ), pennation angle (𝜙𝜙𝑜𝑜 𝑖𝑖 ), maximum muscle contraction velocity (𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚 𝑖𝑖 ),

and muscle moment arms (𝑟𝑟����
𝑟𝑟𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖 ):
𝐹𝐹𝐹𝐹 𝑖𝑖 , ������

𝑀𝑀 ������
𝑇𝑇
𝑀𝑀 ����
𝑀𝑀
���
𝜏𝜏𝐹𝐹𝐹𝐹 𝑖𝑖 = 𝑟𝑟����
𝐹𝐹𝐹𝐹 𝑖𝑖 𝑓𝑓�𝑙𝑙𝑜𝑜 𝑖𝑖 , 𝜙𝜙𝑜𝑜 𝑖𝑖 , 𝐹𝐹𝑜𝑜 𝑖𝑖 , 𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚 𝑖𝑖 , 𝑙𝑙𝑠𝑠 𝑖𝑖 �

(2-9)

𝑀𝑀 ������
𝑇𝑇
𝑀𝑀 ����
𝑀𝑀
���
𝜏𝜏𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖 = 𝑟𝑟������
𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖 𝑓𝑓�𝑙𝑙𝑜𝑜 𝑖𝑖 , 𝜙𝜙𝑜𝑜 𝑖𝑖 , 𝐹𝐹𝑜𝑜 𝑖𝑖 , 𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚 𝑖𝑖 , 𝑙𝑙𝑠𝑠 𝑖𝑖 �

(2-10)

Thus, the optimization included ten design variables: 𝐹𝐹𝑜𝑜𝑀𝑀 𝑖𝑖 and 𝑙𝑙𝑠𝑠𝑇𝑇 𝑖𝑖 for muscles 𝑖𝑖 = 1, 2, … , 5.
2.3.2

Protocol
We performed our parameter optimization by wrapping MATLAB around OpenSim.

Because muscle force is proportional to maximum isometric muscle force, maximum isometric
muscle force can be extracted from the function:
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𝑀𝑀

𝐹𝐹𝑜𝑜 𝑖𝑖
𝑇𝑇
𝑀𝑀 ���� ����
𝑀𝑀 ������
𝑀𝑀
���
𝜏𝜏𝐹𝐹𝐹𝐹 𝑖𝑖 = �����
𝑟𝑟����
𝐹𝐹𝐹𝐹 𝑖𝑖 𝑓𝑓�𝑙𝑙𝑜𝑜 𝑖𝑖 , 𝜙𝜙𝑜𝑜 𝑖𝑖 , 𝐹𝐹𝑜𝑜 𝑖𝑖 , 𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚 𝑖𝑖 , 𝑙𝑙𝑠𝑠 𝑖𝑖 �
𝑀𝑀

(2-11)

𝐹𝐹𝑜𝑜 𝑖𝑖

𝑀𝑀

𝐹𝐹𝑜𝑜 𝑖𝑖
𝑇𝑇
𝑀𝑀 ���� ����
𝑀𝑀 ������
𝑀𝑀
���
𝜏𝜏𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖 = �����
𝑟𝑟������
𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖 𝑓𝑓�𝑙𝑙𝑜𝑜 𝑖𝑖 , 𝜙𝜙𝑜𝑜 𝑖𝑖 , 𝐹𝐹𝑜𝑜 𝑖𝑖 , 𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚 𝑖𝑖 , 𝑙𝑙𝑠𝑠 𝑖𝑖 �
𝑀𝑀

(2-12)

𝐹𝐹𝑜𝑜 𝑖𝑖

Consequently, 𝐹𝐹𝑜𝑜𝑀𝑀 𝑖𝑖 can be optimized separately, allowing us to perform the minimization in three
separate steps.

2.3.2.1 Step 1
We first predicted the torque produced by each muscle at different values of tendon slack
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

length. Specifically, 𝜏𝜏𝐹𝐹𝐹𝐹

𝑖𝑖

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

�𝑙𝑙𝑠𝑠𝑇𝑇 𝑖𝑖 � and 𝜏𝜏𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖 �𝑙𝑙𝑠𝑠𝑇𝑇 𝑖𝑖 � were computed at each muscle’s default value

of 𝐹𝐹𝑜𝑜𝑀𝑀 𝑖𝑖 for various values of 𝑙𝑙𝑠𝑠𝑇𝑇 𝑖𝑖 around the scaled value:
𝑙𝑙𝑠𝑠𝑇𝑇 𝑖𝑖 = 𝛽𝛽 𝑙𝑙�𝑠𝑠𝑇𝑇 𝑖𝑖

(2-13)

where 𝛽𝛽 is a scaling factor: 𝛽𝛽 = 0.75, 0.80, … , 1.25. The variability in 𝑙𝑙𝑠𝑠𝑇𝑇 𝑖𝑖 between subjects is

unknown, but we justified the range of ±25% as follows. 𝑙𝑙𝑠𝑠𝑇𝑇 𝑖𝑖 is expected to scale proportionately

with subject height. Since the standard deviation of height for adult men and women is 8.5% and
6.7% of mean height [24], respectively, we expect the standard deviation of 𝑙𝑙𝑠𝑠𝑇𝑇 𝑖𝑖 for adult men

and women to be approximately 8.5% and 6.7% of 𝑙𝑙�𝑠𝑠𝑇𝑇 𝑖𝑖 . Thus, a range of ±25% includes roughly
three standard deviations on both sides of the mean, or roughly 99% of samples. Since 𝑙𝑙�𝑠𝑠𝑇𝑇 𝑖𝑖 is the
value after subject-specific model scaling, the range of ±25% likely includes an even greater
portion of samples. The resolution was limited to 5% due to computational time constraints.

In the model, the force in each muscle is dependent on the measured input to that muscle
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

but independent of the inputs or states of the other muscles. Consequently, 𝜏𝜏𝐹𝐹𝐹𝐹
12

𝑖𝑖

�𝑙𝑙𝑠𝑠𝑇𝑇 𝑖𝑖 � and

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝜏𝜏𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖 �𝑙𝑙𝑠𝑠𝑇𝑇 𝑖𝑖 � can be established separately for each muscle for the 11 values of 𝛽𝛽 (0.75, 0.80, …,
1.25):

𝑀𝑀 ���� ����
𝑀𝑀 �������
𝑀𝑀
����
�𝑇𝑇
𝜏𝜏𝐹𝐹𝐹𝐹 𝑖𝑖 = 𝑟𝑟����
𝐹𝐹𝐹𝐹 𝑖𝑖 𝑓𝑓�𝑙𝑙𝑜𝑜 𝚤𝚤 , 𝜙𝜙𝑜𝑜 𝚤𝚤 , 𝐹𝐹𝑜𝑜 𝑖𝑖 , 𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚 𝚤𝚤 , 𝛽𝛽 𝑙𝑙𝑠𝑠 𝑖𝑖 �

(2-14)

𝑀𝑀 ���� ����
𝑀𝑀 �������
𝑀𝑀
����
�𝑇𝑇
𝜏𝜏𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖 = 𝑟𝑟������
𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖 𝑓𝑓�𝑙𝑙𝑜𝑜 𝚤𝚤 , 𝜙𝜙𝑜𝑜 𝚤𝚤 , 𝐹𝐹𝑜𝑜 𝑖𝑖 , 𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚 𝚤𝚤 , 𝛽𝛽 𝑙𝑙𝑠𝑠 𝑖𝑖 �
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

resulting in 11 values of 𝜏𝜏𝐹𝐹𝐹𝐹

𝑖𝑖

(2-15)

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

and 𝜏𝜏𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖 for each muscle (Figure 2-5). This step was

performed by using MATLAB to call OpenSim and run a simulation for each value of 𝑙𝑙𝑠𝑠𝑇𝑇 𝑖𝑖 .
2.3.2.2 Step 2
Second, for every combination of torques predicted in Step 1, we found the values of
maximum isometric muscle force needed to minimize the prediction error. More specifically, all
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

permutations of the 11 values of 𝜏𝜏𝐹𝐹𝐹𝐹

𝑖𝑖

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

and 𝜏𝜏𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖 for each of the 5 muscles resulted in 115 =
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

161,051 values of total torque in each DOF: 𝜏𝜏𝐹𝐹𝐹𝐹 �𝑙𝑙𝑠𝑠𝑇𝑇 1 , 𝑙𝑙𝑠𝑠𝑇𝑇 2 , 𝑙𝑙𝑠𝑠𝑇𝑇 3 , 𝑙𝑙𝑠𝑠𝑇𝑇 4 , 𝑙𝑙𝑠𝑠𝑇𝑇 5 � and
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝜏𝜏𝑅𝑅𝑅𝑅𝑅𝑅 �𝑙𝑙𝑠𝑠𝑇𝑇 1 , 𝑙𝑙𝑠𝑠𝑇𝑇 2 , 𝑙𝑙𝑠𝑠𝑇𝑇 3 , 𝑙𝑙𝑠𝑠𝑇𝑇 4 , 𝑙𝑙𝑠𝑠𝑇𝑇 5 �. At each of the 115 sets of 𝜏𝜏𝐹𝐹𝐹𝐹

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

and 𝜏𝜏𝑅𝑅𝑅𝑅𝑅𝑅 , we found the values of

the maximum isometric force in each muscle, 𝐹𝐹𝑜𝑜𝑀𝑀 𝑖𝑖 , that minimized the total error, i.e.
min

𝐹𝐹𝑜𝑜𝑀𝑀 1 , 𝐹𝐹𝑜𝑜𝑀𝑀 2 , 𝐹𝐹𝑜𝑜𝑀𝑀 3 , 𝐹𝐹𝑜𝑜𝑀𝑀 4 , 𝐹𝐹𝑜𝑜𝑀𝑀 5

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 �𝑙𝑙𝑠𝑠𝑇𝑇 1 , 𝑙𝑙𝑠𝑠𝑇𝑇 2 , 𝑙𝑙𝑠𝑠𝑇𝑇 3 , 𝑙𝑙𝑠𝑠𝑇𝑇 4 , 𝑙𝑙𝑠𝑠𝑇𝑇 5 �
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

This step was performed by scaling 𝜏𝜏𝐹𝐹𝐹𝐹

𝑖𝑖

(2-16)

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

and 𝜏𝜏𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖 for each muscle by 𝐹𝐹𝑜𝑜𝑀𝑀 𝑖𝑖 , and using

the fmincon function in Matlab to find the values of 𝐹𝐹𝑜𝑜𝑀𝑀 𝑖𝑖 that minimized the total error associated
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

with each value of 𝜏𝜏𝐹𝐹𝐹𝐹 �𝑙𝑙𝑠𝑠𝑇𝑇 1 , 𝑙𝑙𝑠𝑠𝑇𝑇 2 , 𝑙𝑙𝑠𝑠𝑇𝑇 3 , 𝑙𝑙𝑠𝑠𝑇𝑇 4 , 𝑙𝑙𝑠𝑠𝑇𝑇 5 � and 𝜏𝜏𝑅𝑅𝑅𝑅𝑅𝑅 �𝑙𝑙𝑠𝑠𝑇𝑇 1 , 𝑙𝑙𝑠𝑠𝑇𝑇 2 , 𝑙𝑙𝑠𝑠𝑇𝑇 3 , 𝑙𝑙𝑠𝑠𝑇𝑇 4 , 𝑙𝑙𝑠𝑠𝑇𝑇 5 �. This resulted in

115 designs, each represented by a different value of each of the 10 design variables as shown in
Figure 2-5. Maximum isometric force for each muscle was constrained to be between 0.3 and 3
times the default value after scaling.
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Figure 2-5. Optimization steps. In step 1, torque in FE and RUD were calculated at each
muscle’s default value of maximum isometric force for various values of tendon slack length.
This resulted in 11 predictions of torque in FE and RUD for each of the 5 muscles. In step 2, we
found the values of the maximum isometric force in each muscle that minimized the total torque
prediction error for each combination of individual muscle torques. This resulted in 115 designs
represented by values of tendon slack length and maximum isometric force. In step 3, we filtered
through the designs to find the one that was closest to the target design.
2.3.2.3 Step 3
We performed an exhaustive search of the 115 designs generated in Step 2 to find the
design that was closest to the theoretically ideal target design (Figure 2-6), defined as:
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 0

(2-17)

𝑀𝑀𝑀𝑀𝑀𝑀 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = �������������
𝑀𝑀𝑀𝑀𝑀𝑀 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

(2-19)

�������������
𝑇𝑇𝑇𝑇𝑇𝑇 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 𝑇𝑇𝑇𝑇𝑇𝑇
𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

(2-18)

where TSL ratio is the ratio of the maximum tendon slack length (across all five muscles)
divided by the minimum tendon slack length (across all five muscles),
14

𝑇𝑇𝑇𝑇𝑇𝑇 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 =

max (𝑙𝑙𝑠𝑠𝑇𝑇 𝑖𝑖 )

(2-20)

min (𝑙𝑙𝑠𝑠𝑇𝑇 𝑖𝑖 )

and MIF ratio is the ratio of the maximum value of 𝐹𝐹𝑜𝑜𝑀𝑀 𝑖𝑖 divided by the minimum value of 𝐹𝐹𝑜𝑜𝑀𝑀 𝑖𝑖
(also across all five muscles),
𝑀𝑀𝑀𝑀𝑀𝑀 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 =

max (𝐹𝐹𝑜𝑜𝑀𝑀 𝑖𝑖 )

(2-21)

min (𝐹𝐹𝑜𝑜𝑀𝑀 𝑖𝑖 )

�������������
The default ratios, 𝑇𝑇𝑇𝑇𝑇𝑇
𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 and �������������
𝑀𝑀𝑀𝑀𝑀𝑀 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟, were taken from the scaled model before

optimization (Table 2-1).

Table 2-1 Default TSL and MIF ratios prior to optimization. These default values were taken
from the scaled model, so the default TSL ratio is different for different subjects (since
scaling the model did not scale MIF, the MIF ratio is the same for all subjects).
Subject
1
2
3
4
5
6
7
8
9
10

TSL Ratio
MIF Ratio
1.193
2.487
1.193
2.487
1.193
2.487
1.193
2.487
1.190
2.487
1.190
2.487
1.190
2.487
1.190
2.487
1.193
2.487
1.190
2.487
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Figure 2-6. All Designs for a rpresentative subject. Each blue dot represents one of the possible
115 designs, or combinations of model parameters for a representative test subject (for visibility,
we have zoomed in, excluding some of the designs). The green dot represents the target design
(where rms error is minimized and ratios of max/min TSL values and max/min MIF values in
scaled model are preserved). The blue star represents the design that was closest to the defined
target design.
This targeted design was chosen to minimize error between measured and predicted
torques and keep consistent scaling factors for maximum isometric force and tendon slack length
across all muscles. Minimizing RMS error ensured that the chosen design would have optimal
accuracy in torque prediction. Favoring consistent scaling factors made it unlikely to end up with
a physiologically implausible design in which some muscles were much stronger/weaker or had
much longer/shorter tendon slack length (compared to their defaults) than the other muscles.
The design with the shortest linear distance from the target design was chosen as the
optimized design, and the values of 𝑙𝑙𝑠𝑠𝑇𝑇 𝑖𝑖 and 𝐹𝐹𝑜𝑜𝑀𝑀 𝑖𝑖 associated with that design were considered the
optimized subject-specific parameters.
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2.3.3

Data Analysis
As stated previously, the optimized parameters minimized torque error in the mid-torque

level trial for each subject. This model with optimized parameters was then used to predict
torque for the low- and high-torque levels as well. For comparison, torque was estimated for the
same trials using the generic, non-subject-specific model, the scaled model, and the optimized
model. Differences were characterized as RMS error and percent error reduction.
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3

3.1

RESULTS

Raw and Processed Experimental Data
Measured sEMG signals matched what would be expected to produce the measured wrist

torques (Figure 3-1). In harmony with the lower torques required in RUD compared to FE,
muscle activations producing torque in the RUD directions were lower than those producing
torque in the FE direction.

3.2

Optimized Model Parameters
Of the 115 designs for each subject, there were many with similarly low error, but these

varied across a large range of MIF and TLS ratios. Once we focused in on the optimized subjectspecific parameters we identified trends in how the optimized parameters changed with respect
to the scaled parameters (Figure 3-2).
On average, the tendon slack length changed by -0.001±0.025 m and maximum isometric
force changed by 86.8±236.4 N. Generally speaking, for a given test subject, maximum isometric
force across all muscles shifted up or down together. Similarly, for a given subject, tendon slack
length across all muscles mostly shifted up or down together.
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Figure 3-1. Raw and processed data. sEMG data from a representative mid-torque level trial
(top) and measured joint torque applied by the wrist robot for the same trial (bottom). The sEMG
measured for the ECR was applied to both the ECRL and ECRB muscles during our simulations.
Scaling factors for tendon slack length and maximum isometric force for specific muscles
also followed trends across all test subjects. Generally speaking, tendon slack length went up for
ECRB and ECU and down for ECRL, FCR, and FCU across all test subjects. Maximum
isometric force generally went up for all extensors (ECRL, ECRB, and ECU) and down for
flexors (FCR and FCU) across all test subjects.

3.3

Estimated Joint Torques
Comparing the estimated joint torques to the measured joint torques for each trial (Figure

3-3), we see that the torque profiles generally match up. In other words, the estimated torque is
zero when the measured torque is zero and the maximum estimated torque for each action
happened at approximately the same time as the maximum measured torque. This is true for
estimated torque obtained from both the scaled and the optimized models. The slope and
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magnitude of the estimated torque on the other hand does not match up well with the measured
torque in the scaled model. This is significantly improved in the estimated torque using the
optimized model.

3.4

Error
Optimizing subject-specific parameters was much more effective in reducing joint torque

estimation error than scaling parameters. In the mid torque trials, scaling the parameters reduced
FE RMS error by 2.8±5.4% (mean±SD), RUD RMS error by 3.2±4.0%, and total RMS error by
2.8±4.6% relative to the generic models, whereas optimizing the parameters further reduced FE
RMS error by 61.3±19.9%, RUD RMS error by 34.6±19.8%, and total RMS error by
51.4±18.9% relative to the scaled models (Figure 3-4). For the low torque trials, scaling the
parameters reduced FE RMS error by 3.3±6.4%, RUD RMS error by 3.5±4.4%, and total RMS
error by 3.1±5.1%, whereas optimizing the parameters further reduced FE RMS error by
50.9±30.5%, RUD RMS error by 28.1±33.1%, and total RMS error by 43.7±28.0% (Figure
3-5). For the high torque trials, scaling the parameters reduced FE RMS error by 2.3±4.3%,
RUD RMS error by 1.6±2.2%, and total RMS error by 2.2±3.3%, whereas optimizing the
parameters further reduced FE RMS error by 26.0±45.4%, RUD RMS error by 15.9±6.6%, and
total RMS error by 25.0±24.0% (Figure 3-5). The mean error between predicted and measured
torque was 0.23±0.04, 0.30±0.04, and 1.17±0.26 Nm at the low-, mid-, and high-torque levels,
respectively.
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Figure 3-2 Change in model parameters. The change in model parameters is represented, the xaxis being pre-optimization value and the y-axis being post-optimization value. Any parameter
falling on the 45-deg line didn’t change. The location of each parameter is marked, with different
symbols representing different muscles and different colors representing different subjects.
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Figure 3-3. Optimized torque estimation. Estimated torque is compared to measured torque both
before and after optimization for a representative mid-torque level trial. Estimated torque is
represented by the solid lines and the measured torque is represented by the dotted line in both
degrees of freedom.
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Figure 3-4 Mid torque RMS error. Total RMS as well as RMS in flexion-extension and radialulnar deviation are compared before and after parameter optimization for the mid-torque level
trial. The bar graph represents the average RMS error value across all ten test subjects while the
points represent the RMS error value for each individual test subject.
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Figure 3-5 RMS and normalized error. Top row: Total RMS as well as RMS in flexion-extension
and radial-ulnar deviation are compared before and after parameter optimization for the low-,
mid-, and high-torque levels trials. Bottom row: The errors from the top row are shown after
being normalized by the torque RMS for the repsective trial. Bar graphs represent the average
error value across all ten test subjects.
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4

4.1

DISCUSSION

Summary
In this study we have presented a method for creating a subject-specific model that could

be used for estimating wrist muscle force and joint torque in vivo. We found that our method of
optimizing subject-specific parameters greatly reduced error in torque prediction (total, FE, and
RUD). The presented method is a viable option for estimating forces and torques in both degrees
of freedom of the wrist and over a range of torques applicable to activities of daily living.

4.2

Discussion of results
Of the 115 designs for each test subject, many of them resulted in similar minimum RMS

error. For each design the individual parameters were within a physiologically feasible range

because of our constraints in the optimization—TSL within ±25% of and MIF between 1/3 to 3
times the default value after scaling— but for many of the designs, the combination of

parameters was not feasible. In other words, many of these designs had a maximum isometric
force scaling factor or tendon slack length scaling factor (from before to after optimization) for a
particular muscle that was significantly different than the scaling factors for the other muscles.
As mentioned previously, our goal was to find model parameters that kept the scaling factors for
each muscle similar to each other for a given test subject because consistent scaling factors are
expected to result in more realistic designs. The results shown in Figure 3-2 indicated that the
25

filtering performed during step 3 of our optimization help us accomplish this goal. The scaling
factors for tendon slack length and maximum isometric force in the chosen optimized designs
were generally consistent across the 5 muscles for each test subject. As a result, the chosen
designs had feasible individual parameter values and combinations for each test subject.
The parameters in our selected optimal solutions were not only physiologically feasible,
they also made the models significantly more subject-specific. As expected, the generic models
proved to not be very subject-specific and exhibited high amounts of error in torque estimation.
The models that were scaled by subject height and weight made the models more subjectspecific, reducing error in torque estimation, however, the impact of our method for optimizing
model parameters was much greater than scaling. This is evidence that a subject-specific
optimization of model parameters is necessary to achieve the highest accuracy in muscle force
and joint torque estimation.
We expected the optimized parameters to have the lowest total error when applied to the
mid-torque robot trial since this is the trial we optimized on. When directly comparing RMS
error this is not the case because error is inherently larger in trials with higher torque magnitudes.
In other words, error will be the largest in the high-torque level trials and the smallest in the lowtorque level trials. We, therefore, normalized the RMS error in each trial by the RMS torque in
each respective trial. When we compared the normalized torque, we saw that total torque
estimation error was lowest in the mid-torque level trials as expected.
With respect to normalized error, the model with optimized parameters performs best at the
mid-torque level range, followed by high- and low-torque levels in that order. We also noticed
that the normalized error is much more consistent across the full range of torque levels than error
from the scaled models prior to optimization. This suggests that the model created with our
26

method is more generally applicable across different torque levels and is a viable option for
estimating forces and torques in both degrees of freedom of the wrist and over a range of torques
applicable to activities of daily living.

4.3

Comparison to prior studies
The method we have presented for subject-specific modeling of the wrist differs from

previous methods in that we used a range of torque in both degrees of freedom to optimize model
parameters.
The prior study investigating subject-specific wrist models [13] used only maximum
voluntary contraction trials in one degree of freedom to establish subject-specific parameters.
Torque magnitudes normally exerted during activities of daily living are typically only a small
percentage of the torque produced at maximum voluntary contraction. Parameters optimized to
match torque in the maximum voluntary contraction trials do not necessarily extrapolate well to
actions with smaller torque magnitudes. Additionally, since activities of daily living involve both
DOF of the wrist, parameters optimized for actions in only one degree of freedom have limited
value for estimating muscle forces and joint torques during activities of daily living. Since the
method we have presented uses a range of torque magnitudes in both degrees of freedom to
optimize model parameters, the model is more generally applicable to different activities of daily
living.
The addition of both DOF and a range of muscle activations required a more complex
calibration and optimization process. This is because our method required us to find model
parameters that were more generally applicable across the full range of muscle activations in
both DOF rather than matching a single value of torque in one DOF. We believe that this added
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complexity, although more time consuming, produces a more subject-specific model that can be
used to better estimate muscle forces and joint torques during activities of daily living.

4.4

Limitations
We found that in our trials the torque estimation error in RUD was greater than the error in

FE. As can be seen in Figure 3-1 the sEMG is much weaker for torque applied in RUD than in
FE. Since we have picked up a clear sEMG signal from all four muscles, it is unlikely that lack
of sEMG signal is the problem. Rather, it is likely that we did not require enough torque in RUD.
This is one possible reason that we were not able to match torque in RUD as well as in FE.
Another limitation of our presented method is that optimization was performed using static
trials in a single posture. The majority of activities of daily living are performed in various
postures and with non-static kinematics. We do not know how well our optimized parameters
can be extrapolated to movements. This investigation could be improved by using several static
trials in varying postures or optimizing model parameters with non-static trials. This would
complicate the calibration process but would assist in estimating muscle forces and joint torques
over a range of motion applicable to activities of daily living.
Due to computation time constraints, we used discrete values of tendon slack length in our
optimization. This means that the true optimal solution may not be represented, and error could
be reduced further by either increasing the resolution of discrete TSL values or allowing TSL to
vary freely within the constraints.
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4.5

Future Work
We suggest that a future study could be done to estimate model parameters that minimize

torque estimation error across a full range of motion applicable to activities of daily living. The
wrist robot used in our trials is capable of measuring joint torque during dynamic movements.
Kinematics and sEMG could be also measured during the trials, and the same method we have
presented could be used to optimize parameters. Since the torque measured by the robot does not
account for inertial forces on the hand, the trials should be quasi-static (low speed) so that the
measured torque would still be approximately equal in magnitude to the torque produced by the
wrist. We suggest using greater magnitude torque in RUD than we used in our trials. The
resulting optimized parameters could be used to estimate muscle forces and joint torques in the
wrist over a full range of motion and torque applicable to activities of daily living.
Once model parameters have been optimized, one could measure kinematics and sEMG as
subjects performed normal daily activities. The subject-specific models from the current study
could then be used to estimate muscle forces and joint torques in the wrist during those activities.
The combination of these studies would help establish a quantitative baseline of wrist
muscle force and wrist joint torque during activities of daily living.

4.6

Conclusion
The method we have presented is a viable option for making the wrist model significantly

more subject-specific. Our subject-specific parameter optimization method resulted in
physiologically feasible models that significantly reduced error in torque estimation.
This method, in conjunction with suggested future studies, lays the groundwork for
quantifying wrist muscle forces and joint torques in vivo during activities of daily living. This
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quantitative baseline will deepen our understanding of wrist motor control and lay a foundation
for studying the effect of wrist muscle forces and joint torques on wrist injuries.
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